The purpose of this study was to develop a stochastic version of corticosteriod fifth generation pharmacogenomic model. The Gillespie algorithm was used to generate the independent time courses of the receptor messenger RNA (mRNA). Initial parameters for the stochastic simulation were adapted from the study by Jin et al. The result obtained from the proposed stochastic model showed an overall agreement with the deterministic fifth generation model. This study suggested that because the stochastic model takes into account the ÔÔnoiseÕÕ nature of gene regulation, it would have potential application in pharmacogenomic modeling.
INTRODUCTION
Several mathematical models for corticosteriod (CS) pharmacokinetics-pharmacodynamics-pharmacogenomics have been proposed on the basis of the experimental observations. [1] [2] [3] [4] [5] [6] [7] These models are of a deterministic nature and take the form of a system of the coupled ordinary differential equations. The CS gene regulatory networks and cell signaling pathways exhibited nonlinear behavior, reflected by the complex mechanisms of interactions, such as enzymatic actions, gene expression, and various feedback loops. The gene network with a high nonlinearity could possess multiple stable states and bifurcations. 8 Meanwhile, the numbers of molecules involved in the CS gene expression are low, for example, the baseline messenger RNA (mRNA) is 25.8 fmol/g liver, and the baseline glucocorticoid receptor is 540.7 fmol/mg protein. Based on the recent experimental and theoretical studies, the stochastic nature of the biochemical reactions must lead to large fluctuations. [9] [10] Studies also confirmed that the phenotypic variability of organisms is highly related to the inherent stochasticity that operates at a basal level of gene expression. [11] [12] [13] [14] The level of expression from the same gene could vary significantly from one cell to another within a genetically identical colony. [15] [16] Furthermore, numerous findings showed that the origin of such variability among isogenic population is largely attributed to stochastic phenomena. The stochastic nature of the gene network motivated the development of a stochastic version of CS pharmacogenomics.
While the importance of fluctuations in the gene expression was stressed over 30 years ago, 17 the recent expanding experimental evidence has revived interest in the use of stochastic simulation techniques to model gene regulatory networks. 14, [18] [19] [20] Simulations algorithms are critical to successfully model the biological systems. Swain et al 19 proposed a theoretical framework that enables interoperation of experimental measurements of stochasticity in gene expression. Their approach may have potential application in pharmacogenomic study. Stochastic fluctuations in pharmacokinetics and pharmacodynamics have drawn the attention of several research groups. [21] [22] [23] [24] The use of the stochastic approach to address ÔÔmacroÕÕ and ÔÔobservableÕÕ variability problems in population pharmacokinetics and pharmacodynamics has been well demonstrated. [22] [23] However, few reports use the stochastic approach to investigate the ÔÔmicroÕÕ variability in pharmacogenomics, probably owing to a limited data resource.
When fluctuations arise from the small number of reactant molecules, the stochastic simulation algorithm developed by Gillespie is considered the gold standard for modeling. [25] [26] The advantage of this algorithm is that it generates an ensemble of trajectories with correct statistics for a set of biochemical reactions.
The purpose of this study is to develop a stochastic version of the CS fifth generation pharmacogenomic model. The study is broadly divided into 3 sections. The first section introduces the Gillespie algorithm. In addition, a comparison of the stochastic approach with the deterministic approach was made in order to appreciate the relative merit of the stochastic method in the analysis of gene regulation data. The second section presents the stochastic results of CS pharmacogenomics. The third section discusses the effect of stochasticity on pharmacogenomics and the potential application of the stochastic approach in pharmacogenomics research.
BACKGROUND OF THE GILLESPIE ALGORITHM
The Gillespie algorithm has been used to determine the dynamics of the biochemical or genetic systems in the presence of molecular noises. 9, 11 Since the CS fifth generation pharmacogenomic model is so complex, a simple example was first used to demonstrate the feature of Gillespie algorithm.
Consider the following reactions, in which E represents the enzyme, S represents the substrate, ES represents the intermediate complex, and P represents the final product: In the Gillespie algorithm, the state of the system is updated by determining (1) the time to the next reaction, and (2) which reaction will occur next. A single iteration of Gillespie algorithm for the above reactions was performed as follows:
Step 1
Generate 2 random numbers U 1 and U 2 uniformly distributed over (0,1). U 1 determines which reaction in the system is going to occur; U 2 determines the waiting time for this reaction.
Step 2 Execute one elementary Reaction 2. Set the number of ES to be [ES] 0 -1; set the number of P to be [P] 0 1 1; and set the number of E to be [E] 0 1 1.
Set simulation time to T 1 t.
Step 3
The probability of choosing a given reaction is proportional to the product of its rate constant and numbers of substrate molecules. The waiting time for the reaction is calculated as a random variable generated according to exponential distribution with parameter a 0 : t 5 (1/a 0 ) ln (1/U 2 ). U 2 is uniformly distributed over (0,1), and a 0 5
We now apply Gillespie algorithm to N chemical species that react through J reactions. X j is the number of molecules of type j in the system. For each reaction we assumed that there existed a rate constant k l . The propensity of each reaction is expressed as a l 5 k l 3 H l , where H l represents the possible combination of reactants. The first question is addressed by considering the distribution of the time intervals s until the next reaction, P(s). The mathematical equation for P(s) is as follows:
The choice of the next reaction is made based upon the discrete distribution as follows: Table 1 summarized the procedures to perform Gillespie algorithm.
In order to appreciate the merit of the stochastic method in the analysis of gene regulation data, we compared it with the deterministic approach. The deterministic approach is based on the assumption that the concentration varies continuously and continually over time. In other words, the concentrations are real numbers. The variation of concentrations shows no discontinuities or ÔÔjumps.ÕÕ This assumption is valid as long as the concentrations are high, while it is invalid in the cellular-based systems. For example, a single DNA molecule, RNA, and protein molecules ranged from tens to a few hundred. Besides, studies showed that the mRNA production is quantal and is produced in random pulses. 27 As a result, the discrete nature of change needs to be captured at a low level condition. In contrast to the deterministic approach, the stochastic simulations consider that the number of reactants is discrete and protein 
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production occurs in short ÔÔburstsÕÕ at random time intervals rather than in a continuous manner. 28 In a deterministic setting, an initial condition would always guide a cell through a particular trajectory with no scope for flexibility of response. However, experiments showed that the gene expression variability and the accompanying noise make the cell flexible and help it to adapt to varying environmental conditions. Elowitz and coworkers 29 constructed strains of Escherichia coli for detecting noise and discriminating between the intrinsic and extrinsic contributors of noise. They found that both stochasticity, inherent in the biochemical process of gene expression (intrinsic noise), and fluctuations in other cellular components (extrinsic noise) contribute substantially to overall variation. Factors such as transcription rate, regulatory dynamics, and genetic factors control the amplitude of noise.
Identical initial conditions such as concentrations of chemical species, temperature, pressure, and so forth, can also produce qualitatively different outcomes in the temporal evolution of a regulatory network. When 2 independently produced regulatory proteins acting at low cellular concentrations competitively control a switch point in a pathway, stochastic variations in their concentrations can produce probabilistic pathway selection, so that an initially homogeneous cell population partitions into distinct phenotypic subpopulations. 30 The role of the noise must be taken into consideration in gene regulation. Levin 31 showed that noise is a source of nongenetic individuality in the chemotactic response of E coli. This study is a good example of the importance and potential application of the stochastic approach in pharmacogenomics, as the interaction of drug with the individual cell will influence the efficacy of drug.
Overall, stochastic modeling takes a mesoscopic view of the system and keeps track of every molecule in the system and is close to real world accuracy. In the next section, the Gillespie algorithm is used to gather a stochastic version of CS pharmacogenomics.
IMPLEMENTATION
The Fifth Generation Pharmacogenomic Model of Corticosteroid Figure 1 shows the known fifth generation model. [5] [6] [7] Here it is used without any modification. The fifth generation model represented a prototype for the molecular mechanism of CS that was based on the negative feedback exerted by a drug-receptor on the expression of its gene. Briefly, CS and cytosolic glucocorticoid receptor (GR) formed a CS-receptor complex (DR). DR was translocated into the nucleus and formed a drug-receptor in the nucleus (DR[N] ). DR(N) feed back to inhibit the production of mRNA. k on is the second-order rate constant of the formation of DR. k T is the translocation rate. IC 50_Rm is the concentration of DR(N) at which the synthesis rate of mRNA drops to 50% of its baseline value. k s_Rm is the zero-order rate of mRNA synthesis. k d_Rm is the first-order rate of mRNA. k s_R is the receptor synthesis rate constant. k d_R is the receptor degradation rate constant. k re is the DR(N) degradation rate constant. R f is the fraction of free receptor being recycled. Table 2 shows the stochastic version of CS pharmacogenomics. The first column is the reaction number. The second column is the reaction sequences. The propensity of each reaction is given in the third column. The propensity is a product of the reaction rate and a function of the number of the molecules involved. The last column indicates the changes in the numbers of molecules taking part in the different reactions. The sequence of reactions corresponds to the mechanism underlying the fifth generation model. In the 2-compartment model, k 12 , k 21 , and k 10 are the distribution rate constants. [5] [6] [7] A total of 11 types of biochemical reactions occurred in the CS gene network, with 5 species involved. According to the Gillespie algorithm, at each time step the algorithm randomly determines the reaction that takes place according to its probability, as well as the time interval to the next 
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reaction step. The Gillespie algorithm was implemented in the MATLAB (MATLAB Version 6.5, The Mathworks Inc, Natick, MA). Monte Carlo simulations were run on a Compaq 866 (Hewlett Packard Ltd) and the program took less than 15 minutes to carry out. Initial parameters for the simulations were adapted from Jin et al, 7 in which a similar system to Ramakrishnan et al 5, 6 was modeled:
; IC 50_Rm 5 26.2 fmol/mg protein; k s_Rm 5 2.9 fmol/g liver/h; k d_R 5 0.0572 h ; R f 5 0.49. The constants k d_Rm and k s_R were calculated according to the baseline equations, Equations 5 to 7 (equations not shown). Our direct reimplementation of the fifth generation model yielded similar results (data not shown). Table 2 , we attributed to each linear or nonlinear term of the kinetic equations a probability of the occurrence of the corresponding reaction. The numbers of molecules of the different reacting species as well as the probabilities are updated at each time step. For example, Reaction 1 corresponds to the transcription of gene into mRNA. If this reaction occurs, the number of mRNA will increase by 1. Reaction 3 and Reaction 8 both contributed to the increase of the number of receptor protein by 1, but each has different probability.
RESULTS

As shown in
Reaction 5 results in increasing by 1 the number of DR and decreasing by 1 the number of receptor (denoted as R). D T in Table 2 represents the drug level in the peripheral compartment. In the 2-compartment model, k 12 , k 21 , and k 10 are the distribution rate constants. [5] [6] [7] One of the features of the Gillespie algorithm is used to generate many independent time courses for the system of coupled chemical reactions under investigation. Independent trajectories may be used to study distribution of various system parameters. [25] [26] Figure 2 illustrates the simulated mRNA course using the stochastic model. The data presented in Figure 2 show that this down-regulation pattern was recovered when using the stochastic model (ie, upon intravenous administration of corticosteriod drug, the receptor mRNA rapidly decline). The minimum mRNA value ranged from 5 to 325 nM with a median range from 10 to 315 nM. After 24 hours, 380% of mRNA returned to 20 to 330 nM.
DISCUSSION
The inherent stochasticity of biochemical processes such as transcription and translation generates ÔÔintrinsicÕÕ noise; in addition, fluctuations in the amounts or states of other cellular components lead indirectly to variations in the expression of a particular gene and thus represent ÔÔextrinsicÕÕ 
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noise. [9] [10] [11] 13, 15 The stochastic approach would be a favorable tool in the understanding of cell kinetics/dynamics and the analysis of the drug resistance during long-term drug therapy. For example, HIV is known to be a highly variable virus, with errors in reverse transcription during cell infection frequently resulting in the progeny virus differing from the parent. 32 Specific viral populations sometimes have different susceptibility to antiretroviral drugs. 33 Stochastic processes showed a strong influence on the HIV-1 evolution during suboptimal-inhibitor therapy. 34 Random chance could play a crucial role in determining the existence of viral subpopulations having more substitutions and in people on therapy, in which there is a low new cell infection rate. Phillips et al 35 developed a stochastic model that mimics the dynamic processes thought to be operating in an infected individual who has been treated with antiretroviral drugs. In their model, a random number generator was used to determine whether mutations occur in any one round of replication and to sample the population created in the next generation. Their model illustrated that chance alone could result in a completely different outcome for patients who started off in identical situations.
An individual gene has the capability to adapt to varying environments. It has been postulated that through the mechanism of regulatory feedback loops, networks can impose certain average behavior even in the presence of randomness. The simulation of a molecular model of the circadian rhythms of the PER protein in Drosophila and of the FRQ protein in Neurospora illustrates that robust circadian oscillations can occur even with a limited number of mRNA and protein molecules (ie, in the range of tens and hundreds, respectively). 36 This finding has an implication in pharmacogenomics studies. Since most pharmacological effects reflect interactions of drug with populations of cell, when the concentrations of reactants are high, the fluctuations in the cell can be averaged out over the whole population, leaving the deterministic formulations intact. However, caution must be taken after intravenous administration of short half-life drug, in which case drug concentration will decay exponentially, and the intrinsic and extrinsic variability of the gene will take place. In a recent study, Gillespie 37 presented ideas to link stochastic and deterministic simulations, which might have potential application to deal with this problem.
Investigations of the fluctuations in single cells would play an important role in finding suitable drug candidates to solve biological rhythm problems (eg, sleep disorder, hormone secretion dysfunction). Sleep, hormonal secretions, and body temperature are body functions in a 24-hour cycle. Recent molecular dissections of the circadian biological clock system have revealed that oscillation in the transcription of specific clock genes plays a central role in the generation of circadian rhythms. [38] [39] [40] Several drugs, for example, interferon (IFN), can affect the expression of clock genes, resulting in alteration of the 24-hour rhythms in both physiology and behavior. Koyanagi et al 38 found that expression of vascular endothelial growth factor (VEGF) in hypoxic tumor cells was affected by the circadian organization of molecular clockwork. Because angiogenesis is essential for tumor growth and metastasis, inhibition of angiogenesis has emerged as a new therapy to treat cancers. The core circadian 
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oscillator is composed of an autoregulatory transcriptiontranslation feedback loop in which CLOCK and BMAL1 are positive regulators, and Period and Cryptochrome genes act as negative ones. The levels of VEGF mRNA in tumor cells implanted in mice rose substantially in response to hypoxia, but the levels fluctuated rhythmically in a circadian fashion. Luciferase reporter gene analysis revealed that Period2 and Cryptochrome1, whose expression in the implanted tumor cells showed a circadian oscillation, inhibited the hypoxiainduced VEGF promoter activity. Their study suggests that the negative limbs of the molecular loop periodically inhibit the hypoxic induction of VEGF transcription, resulting in the circadian fluctuation of the mRNA expression.
The stochastic models could provide probabilistic distributions of gene expression levels. This property can be used for describing the variation of expression products from cell to cell, which gives another possible means to investigate the so-called ÔÔrandom errorÕÕ in gene expression data, especially for probes with low intensity levels. 41 The reliability of data mining results can be assessed by comparing random errors estimated from observed data with the variation predicted by stochastic models. 42 
CONCLUSION
The application of the stochastic approach in CS pharmacogenomic modeling was demonstrated in this study. Monte Carlo simulation using the Gillespie algorithm resulted in an overall agreement with the deterministic fifth generation model. This study suggests that because the stochastic model takes into account the ÔÔnoiseÕÕ nature of gene regulation, it would have potential application in pharmacogenomic modeling.
